We construct a measure of individual investors' speculative demand for stocks from their online queries on penny stocks provided by Google Search volume index (hereafter "SVI"). We examine how such speculative demand relates to the return dynamics of U.S. stock indices. We find that the speculative demand leads to a short-term return reversal. We build a simple trading strategy that sells a stock index when SVI is high and buys the stock index otherwise. It generates annual excess returns of up to 20% over the buy-and-hold strategy. Applying the trading strategy to the corresponding ETFs and index futures yields similar results.
Introduction
Individual investors are often perceived to have behavioral biases and trade on noise. If their aggregate demand is random, it should have no predictable and persistent influence on stock prices (Kyle (1985) ).
However, when their erroneous demand is unpredictable and systematic, noise trade risk limits the arbitrage and enables individual investors to earn higher expected returns than sophisticated investors by bearing more risk (De Long et al. (1990) ).
We investigate whether trading against individual investors' speculative demand can create profitable opportunities. We show that a simple trading strategy that sells the U.S. stock index when individual investors' speculative demand is high and holds the stock index otherwise can generate annual excess returns of up to 20% over the buy-and-hold strategy. This is not a free lunch, however. Transaction costs and liquidity risk can substantially explain the excess returns. Strong time variation of the excess returns imposes additional limits to arbitrage. 1 We propose a novel measure of individual investors' speculative demand using their online queries on "penny stocks" in Google. We argue for this proxy based on the following reasons. First, penny stocks are speculative. The US Securities and Exchange Commission (SEC) classifies all stocks with prices lower than $5 as penny stocks. As a typical example of speculative stocks, 2 penny stocks have highly volatile prices, are difficult to analyze and very risky, which creates space for differences of opinion and speculative trading.
Existing literature establishes that penny stocks tend to be overpriced. 3 Second, we propose that individual investors are more likely to use Google to search for information for trading, which is consistent with the findings of Da et al. (2012) . Third, the search intensity on "penny stocks" reflects individual investors' net demand for speculative stocks. An individual investor often faces a formidable search problem: among thousands of stocks, upon which one(s) should he speculate? This problem is more severe when buying than selling stocks (Barber and Odean (2008) ), implying that search activities are more likely to be related to buying interest. In contrast, institutional investors hold much larger stock portfolios and hence face a search problem when selling stocks too. This is the case especially when they want to short sell, since they need to search for which stocks to short sell. Barber and Odean (2008) test and confirm the hypothesis that individual investors are net buyers of attention grabbing stocks. Therefore the Google search volume index of "penny stocks" should reflect retail investors' speculative demand. 4 Note that we do not study penny stocks per se. Instead, we use the interest in penny stocks search in Google as a measure of the general public's willingness to speculate in the stock market.
Measuring the speculative demand by SVI adds our paper to a growing body of literature on the role of investor attention/information demand measured on asset markets. In an information abundant environment such as financial markets, attention constrained investors have to allocate attention across different assets before portfolio selection. Recent theoretical studies show that limited attention affects asset price dynamics such as stock market volatility (Andrei and Hasler (2011) ), return comovement, and return predictability (Peng and Xiong (2006) ). Empirically testing the theory of attention calls for a proxy of investor attention.
Traditional measures include media coverage, extreme price movement, or advertising expense. Unlike these indirect proxies of investors' passive attention, Da et al. (2012) propose a direct measure of investors'
active attention: the search intensity on certain assets through Google. Since their seminal paper, a growing literature revisits the relationship between investors attention and asset prices. 5 This literature examines the effect of search on either individual stocks or stock indices. Unlike them, we restrict our attention to penny stocks only.
Using our novel proxy of investors' speculative demand, we test how it relates to the returns on U.S.
stock indices. From in-sample regressions, we find that contemporaneous returns increase with Google Search Volume Index (SVI) of penny stocks search volume. In addition, higher SVI causes lower near future returns, while recent high past returns cause lower SVI. We also find that the influence of speculative demand on returns is more pronounced for Nasdaq than DJIA and S&P 500. These results are consistent with the "theory of attention" in Barber and Odean (2008) : when the speculative demand is high, 1) contemporaneous returns are high due to high buying pressure, which drives up current price and returns; 2) future returns are lower. The rise of the current price is short lived (only temporary). When the mispricing is corrected, future returns decline as the price falls; 3) the search interest in penny stocks plays a stronger role for returns of Nasdaq than DJIA and S&P 500, since securities listed on Nasdaq are smaller and less liquid, which makes it more difficult for sophisticated investors to correct the mispricing.
Based on the in-sample short term return reversal, we build a simple trading strategy that sells a stock index when SVI is high and buys the stock index otherwise. It generates an annual excess return of up to 20% over the buy-and-hold strategy. Accounting for transaction costs lowers the excess returns. Liquidity 4 Although not reported in the paper, we consider alternative measures of speculative demand by using more general search keywords such as "best stocks", "buy stocks", "hot stocks", "stock picks", "stocks to buy" and "top stocks". We find similar empirical evidence.
5 This strand of literature examines the usefulness of Google search volume index in explaining asset market phenomena such as stock prices around earnings announcements (Drake et al. (2011) ), liquidity and returns (Bank et al. (2011) ), predicting a firm's future cash flow (Da et al. (2010) ), biased attention towards local stocks (Mondria and Wu (2012) ), and stock market volatilities (Vlastakis and Markellos (2012) ). risk can also partially explain the excess returns since the strategy performs well mainly during periods of high liquidity risk. In addition, there is strong time variation in the excess returns. Therefore we conclude that the substantial excess returns to the trading strategy do not necessarily imply profitable opportunities.
It might appear unclear what "buying/selling" an index means. We therefore examine not only market indices but also their corresponding Exchange Traded Funds (ETFs). Investing an ETF that tracks an index, one can get the diversification of an index fund as well as the ability to sell short. ETF can be traded like stocks, and the transaction cost is usually low. We adjust our simple trading strategy to sell an ETF when SVI is high and to buy and hold it otherwise. We find similar results as "trading" the index itself.
We also examine the performance of our trading strategy using price data on the index futures. Trading futures contracts incurs quite modest transaction cost. In addition, taking short positions using the futures is more realistic than using the index itself. We find similar results based on trading index futures.
Our trading strategy relies on the short term reversal of market returns conditional on individual investors' speculative demand. It relates our paper to a large literature on short term momentum and long term reversal. 6 The approach in such literature tends to involve portfolios of winners and losers conditional on the individual asset's past performance. In a recent theoretical paper, Nagel (2012) shows how returns of short-term reversal strategies in equity markets can be interpreted as a proxy for the returns from liquidity provision. In this model, the public trades for informational and liquidity reasons, while the market makers have limited risk bearing capacity, and the author shows that reversal strategies closely track the returns earned by liquidity providers. The buying and selling in reversal strategies mimics the trading of a market maker who sells when the public buys and buys when the public sells, which coincides with rising and falling prices respectively.
The buying/selling decisions of our unique short-term reversal strategy is based on whether the increase in the informational speculative demand level of individual investors is substantially higher than its historical online search level. This approach is distinctive from the previous papers in the literature on short term momentum and long term reversal which base their trading strategies on the assets' past performance. In the spirit of Nagel (2012) it follows that our trading strategy effectively resembles the trading of a market maker (liquidity provider) that sells when the public buys and buys otherwise. The informational source for our trading strategy is however based on a unique feature, which is the level of the public's informational demand for speculation, as opposed to the assets' historical performance. Our trading strategy sells when the speculative demand is high and buys when the speculative demand is low. In addition, we examine its impact on market returns, not the returns of a managed portfolio. Moreover, our strategy exploits the conditional short-term return reversal, instead of short term momentum or long term reversal.
The remainder of the paper is organized as follows. Section 2 describes and summarizes our data set. Our in-sample empirical results are provided in Section 3, and Section 4 discusses the trading strategy. Section 5 concludes. We provide some additional results in the Appendix.
Data

Search Volume Index
Google trends provides SVI computed as the portion of worldwide Google web search on certain keywords over a certain period relative to the total number of searches using Google during that period. These numbers are firstly normalized and then scaled from 0 to 100 in order to make them comparable across regions. We download weekly data spanning from 10/01/2004 to 14/04/2012 for a total of 432 weekly observations.
The phrase we use in Google Insights is "penny stocks". It reflects investors' interest in speculative stocks. "Level of SVI" is the original search volume index. We consider two measures of investors' speculative demand based on the SVI. The first one is "Change in SVI", the weekly change in the search volume index. The second measure is "SVI Innovation". It is obtained as the residual from a linear regression of the original search volume index on its own first lag, a constant and monthly dummies in order to remove the persistence and seasonality of the original series. In the empirical analysis we report our results for both measures. 
Descriptive Statistics of Weekly Returns
We collect data on stock indices from Bloomberg. The sample period is the same as for the speculative demand variables. We report the descriptive statistics of weekly returns in Table 2 . It shows that returns display high volatility, negative skewness and excess kurtosis during our sample period.
[Insert Table 2 about here]
In-sample Results
A First Look at Returns and Speculative Demand
We take a first look at the relationship between individual investors' speculative demand and the stock index returns by documenting the average returns in high and low speculative periods. High (low) speculative demand periods refer to the periods during which the speculative demand is higher (lower) than the median speculative demand in the whole sample. Table 3 reports the results for both speculative demand measures.
It shows that the average weekly returns are negative in low speculative demand periods, and positive in high speculative demand periods. The differences in returns of these two periods are economically significant.
For example, when speculative demand is measured by change in SVI, DJIA has an average weekly return of -0.23% in low speculative demand periods and 0.32% in high speculative demand periods. The spread is 0.55% per week, corresponding to an annualized spread of 28.6%. The spreads are even larger for S&P 500
and Nasdaq.
[Insert Table 3 about here]
Contemporaneous Regressions
To investigate how much of the variation in the weekly returns can be explained by the contemporaneous speculative demand alone, we regress returns on the measures of speculative demand in addition to a constant. Table 4 shows that the coefficients of speculative demand are positive and significant at the 1% level for both measures of speculative demand and across different market indices. Despite the significance of the coefficients, the adjusted R 2 is small. Still, the economic significance of speculative demand for returns is high, since a one unit change in speculative demand is related to about 0.05% change in weekly returns, which corresponds to an annualized return of 2.6%. The size of the coefficient of speculative demand also suggests that the role of speculative demand on returns is more pronounced for Nasdaq than DJIA and S&P 500.
[Insert Table 4 about here]
The above OLS regression does not consider the GARCH effect in weekly returns. We therefore augment a GARCH(1,1) model with measures of investor speculative demand by allowing it to enter both specifications of the conditional mean and conditional variance. We refer to this model as "SVI-GARCH(1,1)"
where ϵ t = σ t z t and z t iid ∼ N(0, 1). λ 1 is the coefficient for the attention variable in the conditional variance equation, γ is the coefficient of the GARCH term σ 2 and δ is the coefficient of the ARCH term ϵ 2 . "SVI" refers to our measures of the speculative demand. Table 5 shows that the speculative demand is strongly and positively related to contemporaneous returns after GARCH effects have been taken into account. The coefficients are marginally smaller than those in Table 4 . In addition, speculative demand does not have a robust relationship with the conditional volatility of market returns.
[Insert Table 5 about here]
Adding moments of past returns and macroeconomic variables as additional regressors does not change the role of speculative demand. We consider the first four moments of daily returns in the past 30 days, the U.S. three month Treasury bill rate, change in consumer confidence index (CCI), change in industrial production, change in consumer price index (CPI), and change in money supply (M2). 7 Table 6 shows that both the statistical and economic significance of the coefficients on the speculative demand are similar to those in Table 4 .
[Insert Table 6 about here]
Another robustness check we apply is to examine the effect of outliers and nonlinearities. We run median regressions for the same model specifications and find similar results.
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VAR and Causality
Although we find that the speculative demand is significantly related to contemporaneous returns, this finding is open to the possibility that both variables can be jointly determined. In addition, it cannot answer the question on causal effects between these variables. It can well be that an increase in returns inspires investors which then triggers their speculative demand (thus raising their subsequent speculative demand).
We run Vector Auto Regressions (VAR) to examine this question. Specifically, we estimate a VAR (2) model with the following specification:
[Insert Table 7 about here] Table 7 reports the results. Across all stock indices the first lag of the speculative demand measure is significantly negative at least at the 5% level. In addition, the absolute size of the coefficients on speculative demand is higher for Nasdaq than DJIA and S&P 500. We also find that the coefficients of the first lag of returns are positive at the 10% level.
A natural question is whether the causal relation of the speculative demand with respect to contemporaneous returns holds when other control variables are included in the VAR specification. Although not reported, inclusion of the moments of past returns and macroeconomic variables, or adding further lags into the VAR system, does not change the link between speculative demand and returns.
A Simple Trading Strategy
The empirical implementation of our short-term reversal strategy requires some adjustments to account for the complexities that theoretical models of reversal strategies abstract from for the sake of clear intuition.
We now discuss the choices we adopt in our empirical implementation of the reversal strategy.
8 Results are available upon request from the authors.
Individual stocks or indices
The mainstream approach of analysing reversal strategies employs portfolios of individual stocks. As the liquidity explains part of the profitability, basing our trading strategy on indices rather than individual stocks makes our results likely to be conservative. Higher profits are expected for portfolios composed of less liquid stocks (e.g. small or distressed stocks). In addition, index returns reflect price pressure shocks that affect the entire market. This bodes well for our approach of using the general public's search for penny stocks in Google for the short-term reversal strategy.
Return measurement horizon
Using NYSE data Hendershott and Menkveld (2012) find half-lives ranging from a half-day for largest stocks to two days for the smallest stocks. Considering that penny stocks are the smallest stocks in the market, while our trading strategy is based on the search volume for such stocks, our data captures much of the effects of imperfect liquidity provision. On the other hand Wang (1994) and Llorente et al. (2002) show that long-lived private information can induce positive serial correlation at short horizons. It follows that conditioning the reversal strategy for day t on day t − 1 speculative demand might play down the returns from supplying liquidity. We calculate the returns of our reversal strategy conditioned on t − 5 days of speculative demand.
Transaction prices
We base our reversal strategy on closing transaction prices which represent the returns of a hypothetical representative liquidity supplier whose limit orders or quotes are always executed at the closing transaction prices.
Sample period Khandani and Lo (2007) report that returns of a similar reversal strategy during the "quant crisis" in August 2007 delivered substantial losses, however transitory, over a period of few days. Our dataset spans over a relatively long time period thus allows us to study the time variation in excess returns from short-term reversal (liquidity provision), particularly during the financial crisis of 2007-2009. The results of our trading strategy (as explained in the following subsection) show that our trading strategy was highly profitable during the subsequent financial crisis period.
The setup of the trading strategy
Based on the results of short-term reversals in weekly returns following a rise in individual investors' speculative demand as reported in Table 7 , we propose a simple trading strategy that sells a stock index when individual investors' speculative demand (SVI) is high and buys the stock index when the speculative demand is low. Since the historical data of SVI are known at the end of a week, we assume that investors who apply this trading strategy will take positions at the closing price index next Monday. Although trading strategies have been frequently applied to stock indices in the literature (e.g., Sullivan et al. (1999) ), it might appear unclear what "buying/selling" an index means for an investor. Therefore, we examine the Exchange Traded Funds (ETFs) that track an index in a later section. In this section we first report the performance of this trading strategy, we then discuss the effect of outliers on excess returns, followed by some discussion on alternative specifications of trading strategies. We consider different possible limits to arbitrage, including the time-variation of this strategy, effects of transaction cost and liquidity risk.
Performance of the Trading Strategy
Our baseline implementation of the strategy sells a stock index at time t when the SVI is above the 75th percentile of its historical values of our sample up to the time t and buys and holds the stock index otherwise.
The cut-off point at the 75th percentile is arguably arbitrary. Instead, a cut-off point at the median (50%) might appear more natural. Unfortunately, this will lead to an excessive number of trades which can incur large transaction costs. On the other hand, a cut-off point close to 100% will leave little room for the trading strategy to perform differently from the buy-and-hold strategy. Our choice of 75th percentile is a result of balancing these tradeoffs. We consider other cut-off points when discussing alternative specifications of trading strategies below.
Since we need to find the 75th percentile of the historical values of SVI, we use the first 50 weeks' data to initialize our trading strategy. We calculate excess returns which are defined as the returns to our trading strategy over the buy-and-hold strategy, a natural benchmark for assessing the profitability of a trading strategy in equity markets. We first assume no transaction costs, and leave the detailed discussion of transaction costs to the subsequent section.
Panel A of Table 8 reports the summary statistics of the excess returns for all three indexes. The average weekly excess returns of our trading strategy is 0.34% for DJIA, 0.42% for the S&P 500 and 0.46% for Nasdaq. These correspond to annualized implied excess returns of 17.68% for DJIA, 21.84% for S&P 500 and 23.92% for Nasdaq.
The high excess returns are also accompanied by relatively low standard deviations. This is also reflected in very high Sharpe ratios (0.13 to 0.15) of reversal strategy adopted in this paper as reported in the last column of Table 8 .
Interestingly, Table 8 reports large positive skewness of the excess returns, which is in contrast to the negative skewness in market returns in Table 2 . Negative skewness is often taken as a measure of crash risk. Therefore, it appearers that the exposure to asymmetric downside risk can be ruled out as a possible explanation of the high Sharpe ratios. The pronounced positive skewness in excess returns indicates a propensity of our trading strategy to generate large positive returns with greater probability.
In the penultimate column of Table 8 , we report the relative frequency of positive returns versus negative returns. For each stock index, the excess returns are more likely to be positive than negative. In particular, about 70% (30%) of excess returns are positive (negative) for DJIA. The last column reports the Sharpe ratio of the trading strategy, which is defined as the mean of excess returns over the buy and hold divided by their standard deviation. For all three indices, the trading strategy has a weekly Sharpe ratio of about 15%. Finally, the excess returns display large kurtosis. In sum, the high excess returns of our trading strategy accompanied by relatively low standard deviations and high Sharpe ratios indicate that the volatility of returns from the reversal strategy by itself is an implausible cause of impediment that dissuades investors from investing in this type of strategy.
Of course there are many other institutional and market microstructure effects which can prevent more aggressive entry into the liquidity provision business that would lower the Sharpe ratios reported in Table 8 .
We discuss some of these impediments below.
[Insert Table 8 about here]
What can explain the large excess returns? A potential set of determinants include the moments of past returns and macroeconomic variables. To check this, we regress excess returns on these variables. We consider two model specifications. In the first model we consider only the moments of excess returns as regressors. In the second model we add the macroeconomic variables. Table 9 reports the results. Almost none of these variables can explain the excess returns. The only exception is the lagged change in consumer confidence index. Consumer confidence index is often taken as a measure of investor sentiment. There is a large literature showing a significant relationship between investor sentiment and stock returns (e.g., Baker
and Wurgler (2006) and Fisher and Statman (2000) ). Our result indicates that excess returns are related to the change in the investor sentiment. Other factors such as the transaction costs and the liquidity might be more important determinants of excess returns. We discuss them in depth below.
[Insert Table 9 about here]
The Effects of Outliers
The distributional properties of the excess returns presented in Table 8 call for more careful analysis of the effect of outliers on the profitability of our trading strategy. Thus, we winsorize the highest and lowest 1% excess returns. Table 10 reports the results of the strategy after the extreme returns are excluded.
The excess returns decline substantially. For example, the weekly excess returns to DJIA is reduced from 0.34% to 0.23% when outliers are removed. Despite that, excess returns are still positive and economically large. The annualized excess returns are 11.96% for DJIA, 14.56% for S&P 500 and 16.64% for Nasdaq.
In addition, there is little change in the weekly Sharpe ratio when the outliers are removed. That is, a few outliers in excess returns contribute only partially to the performance of the trading strategy.
[Insert Table 10 about here]
Alternative trading strategies
To investigate the robustness of our trading strategy to different cut-off points, we consider two additional cut-off points: 90th percentile and one standard deviation of historical speculative demand up to time t. Table   11 reports the summary statistics of excess returns when the 90th percentile cut-off is applied. We obtain lower average excess returns than those in Table 8 , with a decline of about 40% compared to the case of 75th percentile cut-off point. As expected, there is a substantial decline in the number of executed trades (46 versus 142). This will reduce the negative effect of transaction costs on the profitability of the trading strategy. Yet trading less frequently may miss some profitable trading opportunity. The weekly Sharpe ratio declines too, although the magnitude of the decline is rather small. The distributional characteristics of excess returns are in general similar to those in Table 8 , with large standard deviation, large spread between the minimum and the maximum, and even larger positive skewness and kurtosis. The relative frequency of positive returns versus negative returns is about twice to three times higher than those in Table 8 , indicating a much higher probability of earning positive excess returns than the previous case. For example, the percentage of positive (negative) excess returns for DJIA is 87.5% (12.5%).
[Insert Table 11 about here] Table 12 reports the summary statistics of excess returns with the cut-off point of one standard deviation.
Again, we find excess returns are large but volatile, and positively skewed. The magnitudes of excess returns, Sharpe ratio and the ratio of positive versus negative returns are in between the previous two cases.
[Insert Table 12 about here]
Overall, we find large excess returns and similar distribution characteristics in alternative trading strategies.
The choice of cut-off points considered in this paper does not change qualitatively the profitability of the trading strategy.
Limits to Arbitrage
The large excess returns documented in the previous section do not necessarily translate into arbitrage opportunities. Existing literature shows that there are various limits to arbitrage to prevent sophisticated investors from eliminating the mispricing. We now consider how limits to arbitrage affect the profitability of our trading strategy.
Transaction Cost
Transaction costs have been considered as explanation for a number of financial anomalies, such as the "January effect" (Bhardwaj and Brooks (1992) ), momentum profits (Lesmond et al. (2004) ) and the "accrual anomaly" (Mashruwala et al. (2006) ). To illustrate the role of transaction costs, we incrementally increase the one-way transaction cost from 0 to 0.2%. 9 Panel B to Panel D in Table 8 report the excess returns based on these costs for the case of 75th percentile cut-off point. Not surprisingly, the profitability of the trading strategy declines with increment of transaction costs. Still, average excess returns remain positive even after taking these trading costs into account. DJIA has the smallest annualized excess returns of 14.04% among the three stock indices after 0.2% of transaction costs have been accounted. Our trading strategy delivers the best results for the Nasdaq index, with an annualized excess return of 20.28%. The is not surprising since we assume the same transaction costs across different markets while in reality the transaction costs for trading the DJIA and S&P 500 equities should be lower than trading those in the relatively less liquid index such as Nasdaq.
The excess returns after transaction costs are lower for the alternative trading strategies. When the cut-off point at 90th percentile is assumed, the annualized excess returns after 0.2% one way transaction costs are 9.36% for DJIA and 12.48% for Nasdaq (Panel D of Table 11 ). The results with a cut-off point at one standard deviation are similar.
Overall, we find that transaction costs cannot fully explain the profitability of the trading strategy. Taking them into account does reduce the excess returns, but the excess returns after transaction costs remain large.
Liquidity Risk
Another possible explanation for the excess returns is the liquidity risk. To see this, we report the breakdown of excess returns conditional on liquidity. We use the Pastor-Stambaugh liquidity factors as a measure of market illiquidity risk in the U.S. equity markets. 10 The data are available between 08/1962 and 12/2011 at the monthly frequency. We consider both the level of aggregate liquidity and the innovation in aggregate liquidity. Table 13 reports the average excess returns in different quartiles of liquidity factors. When there is no transaction cost, we can see an almost monotonic decline of excess returns with the increase of liquidity regardless which liquidity factor is considered. The extremely high positive returns occur when the level of aggregate liquidity is lowest. For DJIA, it corresponds to an annualized excess return of 43.16%. When the liquidity is in its highest quartile, the annualized excess return is 3.6%. We find stronger results for S&P 500
and Nasdaq. Increment of transaction costs does not affect the excess return-liquidity pattern. These results show a strong negative relationship between excess returns and liquidity risk, consistent with the idea that excess returns are the compensation for bearing the liquidity risk.
[Insert Table 13 about here]
To highlight the role of liquidity risk on excess returns further, we regress excess returns on two lagged (by one-month) liquidity factors. We use lagged liquidity factors to avoid endogeneity issues. Table 14 reports the results when the excess returns are computed from a cut-off point of 75th percentile. It shows that both liquidity factors have significantly negative coefficients which are mostly significant at the 10% level. Although the statistical significance is not strong, the economic significance of these coefficients is large, echoing the results in Table 13 . Results for excess returns based on alternative trading strategies are similar. Although not reported, inclusion of additional regressors such as moments of past returns and macroeconomic variables does not affect the relationship between the excess returns and the liquidity factors.
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[Insert Table 14 about here] 10 We thank Lubos Pastor and Robert F. Stambaugh for making their liquidity factor data available through their web page (see http://faculty.chicagobooth.edu/lubos.pastor/research/).
11 Results are available from the authors upon request. Consider an investor who follows this strategy that invests on the DJIA index from time t until the end of the sample period. Figure 1 and Figure 2 plot the corresponding average weekly excess returns and Sharpe Ratio for this investor at time t. The graph ends on 8th April, 2011 (52 weeks to the end of the sample period) due to insufficient remaining data to calculate average excess returns and Sharpe ratio. We find substantial variations in both average excess returns and Sharpe ratio, depending on when the investor starts to follow Alternatively, we consider an investor who has an investment horizon of one year, and compute his average excess returns for a fixed rolling window of one year. Figure 3 and Figure 4 show the performance at time t of our trading strategy from that time over a year. Again we observe substantial time variation in both excess returns and Sharpe ratio. For some periods the investor earns negative excess returns, while in other periods the excess returns are positive and large (around year 2008).
Time Variation of Excess Returns
[Insert Figure 3 about here]
[Insert Figure 4 about here]
In summary, transaction costs, liquidity risk and strong time variation in the excess returns impose strong limits to arbitrage.
Trading ETFs and Futures Contracts
It might appear unclear what "buying/selling" an index means. We therefore examine the corresponding Exchange Traded Funds (ETFs) and the index future contracts. Data on ETFs are downloaded from Bloomberg while the settlement price of index future contracts are obtained from Datastream.
Applying the Trading Strategy to ETFs
By investing an ETF that tracks an index, an investor can achieve the diversification of an index fund as well as the ability to sell short. ETFs can be traded like stocks, and the transaction cost is usually low.
We adjust our simple trading strategy to sell an ETF when SVI is high and to buy and hold it otherwise.
Unfortunately, the data on ETFs which track the Nasdaq start only from 2011. Therefore we restrict our attention to two ETFs: one tracks DJIA ("DIA US Equity") and the other tracks S&P 500 ("SPY US Equity"). Table 15 shows that the results of trading ETFs are similar to those of "trading" the index itself in Table 8 .
[Insert Table 15 about here]
Applying the Trading Strategy to Index Futures
As an additional robustness check, we examine the performance of our trading strategy by applying it to the index futures. Transaction costs are lower in trading the futures contracts. In addition, taking short positions in the futures contract would not be a problem. Table 16 shows the performance of the trading strategy when it is applied to the price of index futures contracts at the cutoff point of 75%. We find very similar results to those in Table 8 .
[Insert Table 16 about here]
Conclusion
We construct a measure of individual investors' speculative demand for stocks from their online queries on penny stocks provided by SVI. We examine how it affects the return dynamics of U.S. stock indices.
We find that contemporaneous returns increase with SVI. In addition, higher SVI causes lower near future returns, while recent high past returns weakly cause lower SVI. We also find that the influence of speculative demand on returns is more pronounced for Nasdaq than DJIA and S&P 500.
Based on the in-sample results, we build a simple trading strategy that sells a stock index when SVI is high and buys and holds the stock index otherwise. It generates annual excess returns of up to 20% over the buy-and-hold strategy. When applying the trading strategy to the corresponding ETFs and index futures, we find similar results. Transaction costs and liquidity risk can partially explain the excess returns. Strong time variation of the excess returns imposes additional limits to arbitrage. 
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